Seismic rate increases often precede eruptions at volcanoes worldwide. However, many eruptions occur without such precursors. Additionally, identifying seismic rate increases near volcanoes with high levels of background seismicity is non-trivial and many periods of elevated seismicity occur without ensuing eruptions, limiting their usefulness for forecasting in some cases. Although these issues are commonly known, efforts to quantify them are limited. In this study, we consistently apply a common statistical tool, the β-statistic, to seismically monitored eruptions in Alaska of various styles to determine the overall prevalence of seismic rate anomalies immediately preceding eruptions. We find that 6 out of 20 (30%) eruptions have statistically significant precursory seismic rate increases. Of these 6 eruptions, 3 of them occur at volcanoes with relatively felsic compositions, repose periods >15 years, and VEI ≥ 3. Overall, our results confirm that seismic rate increases are common prior to larger eruptions at long dormant, "closed-system" volcanoes, but uncommon preceding smaller eruptions at more frequently active, "open-system" volcanoes with more mafic magmas. We also explore the rate of other anomalies not precursory to eruptions and investigate their origins. Some of these non-eruptive anomalies can be explained by aftershocks of regional seismic events, magmatic activity that did not lead to eruption, or unrest at other nearby volcanoes. Some open-system volcanoes have high non-eruptive anomaly rates and low pre-eruptive anomaly rates and are thus not amenable to forecasting based on earthquake catalogs. In this study, we find that 31% of anomalies lead to eruption. With continued calibration at more volcanoes, the β-statistic that we apply may be used more broadly to analyze future periods of seismic unrest at other volcanoes, properly placing such episodes into the context of the long-term background rate. These results may be useful for informing future eruption forecasts around the world, and the statistical tool may aid volcano observatories in identifying future seismic rate anomalies under changing network conditions. Keywords: volcano-tectonic, earthquake swarm, Alaska, eruption forecasting, seismicity, eruption, volcano monitoring Pesicek et al.
INTRODUCTION
Earthquake swarms are common occurrences at volcanoes worldwide and are often associated with periods of increased volcanic unrest. The widespread prevalence of swarm activity preceding eruptions has led to their common use in eruption forecasting (e.g., Minakami, 1961; Shimozuru, 1971; McNutt, 1996; Chastin and Main, 2003; Kilburn, 2003; Boué et al., 2015) , and volcano-tectonic (VT) swarms have been recognized as the earliest precursor to eruptions at long-dormant volcanoes in many cases (White and McCausland, 2016) . However, not all eruptions are preceded by precursory seismicity and others have precursors that are too brief or subtle for effective warning (Larsen et al., 2009; Waythomas et al., 2014; van Eaton et al., 2016; Cameron et al., 2018) . Furthermore, although earthquakes often precede eruptions, swarms also commonly occur due to stalled intrusions, high pressure fluid migration, or other non-eruptive activity (Benoit and McNutt, 1996; Farrell et al., 2009; Moran et al., 2011; Shelly et al., 2015) . Therefore, some degree of VT swarm seismicity may be considered normal at many volcanoes. Thus, the onset of earthquake swarms near a volcano does not necessarily herald an oncoming eruption, nor does the lack of seismicity preclude an eruption from occurring. The presence or absence of earthquake swarms at a volcano is but one factor to be considered when forecasting eruptions, and the seismic signature of intrusion can vary widely by volcano.
Further complicating the use of VT swarms for forecasting is their similarity to tectonic seismicity unrelated to volcanism. Both types of earthquakes result from the same fundamental source process-brittle fracture of the crust-and VTs are often only differentiated from tectonic seismicity based on the proximity of an event to a volcano. However, location of an event alone is a poor measure of causal mechanism, as tectonically active faults are common in volcanic arcs (e.g., Ruppert et al., 2012) , and VT swarms have been convincingly associated with magmatic activity as far as 45 km away from eruption sites (White and McCausland, 2016) . These issues make truly magmatic VT seismicity difficult to distinguish from crustal tectonic seismicity unrelated to volcanism. This is especially true for events far from the volcanic center or in sparsely monitored yet tectonically active areas like Alaska. The challenge then becomes separating "normal, " or background seismicity from anomalous seismicity potentially indicative of a coming eruption.
To help distinguish VT swarm seismicity from tectonic seismicity, simple tests for "swarminess" of earthquake sequences have been applied, yet none of them are completely diagnostic. Volcanic earthquake swarms often have large b-values and no clear mainshock (McNutt, 1996 (McNutt, , 2005 , potentially distinguishing them from tectonic mainshock-aftershock sequences. Yet many counter-examples exist (Mori et al., 1996; Roman et al., 2004; Pesicek et al., 2008; Garza-Giron et al., 2018) . Other general characteristics of pre-eruptive VT swarms are (1) the number of events and average energy increases over time, (2) the largest events occur in the middle of the swarm, and (3) the swarm includes several events within 1 /2 magnitude unit of the largest event (White and McCausland, 2016) . However, these rules of thumb might also be true for tectonic earthquake swarms unrelated to volcanism (e.g., Vidale et al., 2006; Holtkamp and Brudzinski, 2011) . In addition, at the onset of an earthquake sequence, it may be difficult to know which of these traits will hold true, if any. Conclusively attributing crustal seismicity near volcanoes to magmatic processes remains difficult, especially early in an unrest sequence before gas, heat, deformation, or other anomalies are detectable at the surface.
Despite these challenges, seismic monitoring remains the cornerstone of eruption forecasting. Volcano observatories commonly must decide at what point a seismicity increase is "anomalous" in comparison to background seismicity and at what point it is concerning enough to notify authorities. These decisions are complicated by seismic network outages, leading to earthquake catalogs with time variable completeness thresholds. Automated tools assist in this effort, and additional insights may be gained by more formally investigating the relationship between seismicity and subsequent eruptions at many volcanoes.
In this paper, we search for anomalous seismicity (dominantly VT) preceding seismically monitored eruptions to identify the circumstances under which seismicity may be most useful for eruption forecasting. To do so, we detect statistically significant seismic rate anomalies above a volcano-specific, empiricallyderived threshold using a variation of a common statistical test (the β-statistic; Matthews and Reasenberg, 1988) . In order to determine whether anomalous rate increases occur or do not occur prior to eruptions, we require a catalog of eruptions of various sizes and styles that were seismically monitored during both inter-eruptive and eruptive periods. Specifically, we require the ability to determine long-term background seismicity rates. Although seismic monitoring of eruptions is now routine worldwide, few places on Earth have had seismic monitoring operating consistently for long enough to properly estimate a volcano's long-term background seismicity rate. Even fewer have this type of monitoring consistently at many volcanoes with multiple, well documented eruptions of various styles and sizes. One place where this type of monitoring exists is Alaska.
We use earthquake catalog data from Alaska and the record of eruptions seismically monitored by the Alaska Volcano Observatory (AVO) to statistically identify periods of seismicity exceeding background levels, and then associate these anomalies spatially and temporally with subsequent volcanic eruptions. We attempt to determine how often and under what circumstances seismic rate anomalies occur before eruptions in Alaska. Once identified, we search for patterns among the results that might prove useful for eruption forecasting in the future. We also investigate other non-eruptive seismicity increases and their causes and compare those to pre-eruptive seismicity. We take a quantitative approach using the β-statistic and specific temporal and spatial parameters to identify seismic rate anomalies. We vary these parameters over reasonable ranges and then use these results as a whole to infer when such anomalies might be useful for forecasting in the future. The findings presented herein should prove valuable for interpreting future seismicity, both in Alaska and at analogous volcanoes worldwide.
DATA
The data used in this study are composed primarily of Alaska earthquake catalogs and eruptive chronologies beginning with Frontiers in Earth Science | www.frontiersin.orgthe June 1992 eruption of Mt. Spurr volcano and ending with the March 2016 eruption of Pavlof volcano (see Cameron et al., 2018) . The chronology data (Ogburn et al., 2016) come from a variety of sources, including specific eruption literature and the Geologic Database of Information on Volcanoes in Alaska (GeoDIVA, Cameron and AVO staff, 2014) . To define eruptive periods (Table 1) , we consider the start of an eruption to be the first magmatic or major phreatic explosion (distinct from normal, background fumarolic activity, or steam plumes). Ends of eruptions are more difficult to determine but are based on the return to background levels of activity, the cessation of unrest, and/or the lowering of alert levels, depending on the specific eruption. We analyze 20 eruptions with Volcanic Explosivity Indices (VEI; Newhall and Self, 1982) ranging from 1 to 4 at 8 volcanoes (Figure 1, Table 1 ).
Although AVO produces its own earthquake catalog for seismically monitored volcanoes (e.g., Dixon et al., 2013) , we use the Advanced National Seismic System (ANSS) composite catalog, which contains those events located by the Alaska Earthquake Center (AEC) and the USGS National Earthquake Information Center (NEIC), in addition to those located by AVO. The combined catalog allows us to analyze distal earthquakes that are potentially outside of the AVO network and thus not directly linked to a particular volcano. However, the composite nature of the ANSS catalog results in the loss of some useful event attributes, such as location uncertainty and source type descriptions, which limits our analysis to some degree (see section Discussion).
The background time period for each volcano is defined by the number of days of seismic monitoring minus eruptive periods and network outages. To determine seismic network outages, we use the results of the AVO network health analysis by Buurman et al. (2014) for the period October 2002 through December 2011 and perform our own similar analysis of the continuous seismic data to define outages since 2012. Network outages are defined as periods when less than four stations within 30 km of a volcano were transmitting data. Thus, our definition of background seismicity rate (T) is limited to years where network health can be readily determined from consistently archived continuous seismic recordings, which corresponds to the time period beginning in 2002 through early 2016.
Finally, we construct specific background earthquake catalogs for each volcano spatially. The catalogs contain all shallow (<=30 km) crustal events from the ANSS catalog since 1990 within a specified search radius (R) from the volcanic center, minus events that occurred during eruptive periods. We further limit the catalogs to events with magnitudes greater than each network's magnitude of completeness (M c ) over T, which we approximate as M c = 0 for all eight volcanoes studied (Dixon et al., 2013) .
METHODS
A primary goal of this study is to quantitatively identify seismic rate anomalies near Alaska volcanoes and to associate these anomalies temporally with subsequent eruptions or lack thereof. (Herrick et al., 2014) . **Demarcated by years in repose > 15. Accordingly, we seek to determine when a particular period of seismicity is statistically above the background rate. To do so, we use the β-statistic , which detects changes in earthquake rates by comparing the difference between the number of events in a given time period to the expected number of events in that time period (assuming the seismicity is Poissonian), normalized by the standard deviation of the expected number. This common statistical test has been used successfully in many tectonic environments to identify subtle changes in seismicity rates, such as identification of dynamically triggered seismicity and stress shadows following large earthquakes (e.g., Reasenberg and Matthews, 1988; Gomberg et al., 2001) . Following Aron and Hardebeck (2009) and Aiken and Peng (2014) , the β-statistic is defined as
where N is the number of events in the background time period (T) and N a is the number of events in a specific time period (T a ) of interest ( Table 2) . As the null distribution for β is approximately Gaussian , absolute values of the resultant β ≥ 2.57 (1.96, 1.64) are statistically significant at 99% (95, 90%) confidence (Aron and Hardebeck 2009) , and positive (negative) β values denote seismicity increases (decreases). We compare long-term background seismicity rates to shortterm windows of interest and search for statistically significant differences at a 95% confidence level. This should occur when β exceeds a threshold of 1.96. However, because volcanic seismicity may not be strictly Poissonian, we additionally seek an objective empirical threshold (β E ) for β, following Prejean and Hill (2018) , to determine if seismicity in the time and crustal volume of interest is truly anomalous compared to background rates. To define this threshold for each volcano, we calculate the β-statistic every day over T for specific values of T a and select a β E that is exceeded only 5% of the time. With few exceptions, the resulting β E values are larger than 1.96 (Table 1) . Where β E < 1.96, we use the significance threshold at the 95% confidence level (1.96) rather than the lower, empirically-derived β E threshold.
In Alaska, we seek all β above β E (hereafter "anomalies") and examine whether or not these rate increases are temporally associated with subsequent eruptions. Specifically, we search for all β anomalies preceding Alaskan eruptions of VEI 1 or greater since 1990. Because the β-statistic was designed to detect subtle divergences in seismicity from background rates and because volcanoes often have non-eruptive swarms, we do not expect every β-statistic anomaly to result in eruption. Nonetheless, this Cameron et al., 2018) . In order to incorporate all events occurring prior to an eruption onset, we specify T a windows that end at the eruption start time. Thus, T a windows are necessarily defined backward in time based on the eruption onset. This retrospective approach is applied in order to maximize the identified anomalies. However, we also illustrate the potential use of the tool for real-time forecasting later in the discussion section using forward moving overlapping windows. 
RESULTS AND SENSITIVITY
The identification of seismic rate anomalies preceding eruptions in Alaska depends on the particular parameters chosen for the test, in particular on T a and R ( Table 2) . We explored a range of reasonable values for these parameters based on our study goals and prior knowledge of seismic sequences preceding past eruptions. For the radial earthquake search, we used R-values from 10 to 50 km from the volcanic centers. Although seismicity directly preceding eruptions generally occurs close to the eruptive vent, VTs >45 km distal of volcanoes have been associated with subsequent eruptions (White and McCausland, 2016) . Thus, we allow for the possibility that precursory VT seismicity may occur as far as 50 km distal of the volcano, outside the AVO local monitoring networks. However, searching out this far from the volcanoes likely incorporates more tectonic seismicity, which may result in the inclusion of anomalies unrelated to magmatic activity and also affects our measurement of "background" seismicity rate.
The parameter T a defines the length of the time window over which to define an anomaly, and its choice is guided by the goals of a particular study. In this study, the choice of T a should be based on typical time spans of precursory sequences of seismicity leading into eruptions. However, the choice of T a also affects the resulting β E threshold and the size and number of detected anomalies. The design of our β E empirical threshold is such that the largest 5% of all possible T a windows are by definition anomalous. As a result, larger T a windows generally produce fewer anomalies and lower β E values than smaller windows, and vice versa. In addition, the length of T a need not be directly related to the time duration of anomalous seismicity and does not necessarily relate to eruption run-up time. Brief but sufficiently intense periods of seismicity can produce anomalies even when the size of T a is much longer than the event sequence. In contrast, longer but less intense periods of variably elevated seismicity tend to create multiple separate anomalies for small values of T a and may not produce anomalies at all for larger choices of T a . It is the overall number of events (N a ) occurring in T a that is important. Thus, the value of T a should be sufficiently long so as to encompass significant rate increases but not so long as to minimize their significance. In this study, we search a range of values for the T a window length (3-60 days), initially seeking the value that will identify as many precursory anomalies as possible, then varying the value to explore its effects on the results.
Searching all combinations of T a and R, we have identified 6 seismic rate anomalies preceding seismically monitored eruptions in Alaska for eruptions at Spurr (1992) Table 1 ). Of these eruptions, only Veniaminof (2005) and Okmok (2008) were not forecast by AVO (Power et al., 1995; Power and Lalla, 2010; Buurman et al., 2013; Cameron et al., 2018) . In the case of Okmok (2008), the pre-eruptive seismicity was too brief (∼2 h) for AVO to publish a notification (Larsen et al., 2009) . In the case of Veniaminof (2005), the seismicity increase consisted of only 13 events none of which were near the summit (Figure 3) . For the remaining 14 eruptions at 3 volcanoes, we do not identify precursory seismic rate anomalies for any combination of T a and R. Figure 3 shows the 6 precursory anomalies using T a = 14 days and R = 20 km, which are the maximum values for these parameters over which all 6 anomalies are identified. However, these pre-eruptive rate anomalies are identified over various combinations of T a and R, depending on the volcano, and no overall optimal values are illuminated by our analysis. In Figure 4 , we keep T a = 14 days and explore how variations in R affect the results. Conversely, in Figure 5 , we vary T a while keeping R = 20 km. With few exceptions, these figures show that the identified precursory anomalies are generally stable with respect to these variations in T a and R. Figure 4 shows that precursory anomalies are identified at Augustine, Okmok, Shishaldin, and Redoubt no matter the choice of radius (T a = 14), whereas anomalies at Spurr and Veniaminof are dependent on the specific choice of R. At Spurr, only radii ≤20 km produce a precursory anomaly, while at Veniaminof, only radii ≥10 km produce anomalies. Figure 5 shows precursory anomalies identified at Okmok, Redoubt, and Augustine for all choices of T a . However, the β value of the anomalies varies in relation to the specific timing of seismic rate peaks. For instance, at Augustine, β correlates with window length, reflecting the extended nature of the precursory ramp up in seismicity. In contrast, β is anti-correlated with window length at Okmok, reflecting the short duration of the ∼2 h precursory sequence (Larsen et al., 2009) . Anomalies preceding the eruption at Spurr are only identified when T a = 3, 7, 14, and 60 days, but not 30 days. At Veniaminof, precursory anomalies are not identified when T a = 60 days. The variations in anomaly detection due to R and T a reflect the spatio-temporal variability of the seismic catalogs that likely results from volcano-or intrusion-specific factors such as the local stress field and/or intrusion size and rate. Although T a and R are the most influential parameters on the identification of anomalies, the results may also be affected by other factors, such as the filtering of the volcano catalogs in order to remove events during eruptive periods. Although most eruption start dates are well-defined, the subjective demarcation of eruptive versus pre-and post-eruptive seismicity in some cases may introduce uncertainty into our results. In rare cases, visual confirmation of eruption onsets may be lacking, introducing uncertainty into the estimated start times. In Alaska, onsets of small eruptions at remote but frequently active volcanoes are often difficult to determine (e.g., 2004 and 2005 Veniaminof eruptions). The prime example of eruption onset uncertainty is the 1999 eruption of Shishaldin volcano, for which considerable uncertainty exists in the start date. Herein we consider the eruption to have started on 18 April 1999 (UTC), when visual confirmation of magmatic eruption was received, 2 days prior to the large explosive paroxysm of 19 April Nye et al., 2002) . However, vigorous and anomalous steam venting with possible ash, tremor, and a hot spot were detected as early as 9 February, followed by a 2 month pause in activity (Nye et al., 2002; McGimsey et al., 2004b) . The uncertainty in this start date is important because on 4 March, a M5.2 earthquake occurred on the west flank, over a month before the April eruption start date. Using a February start date, the M5.2 and its aftershocks would be excluded from the analyzed catalog, and the event would be considered syn-eruptive, occurring after the eruption onset. Thus, in this particular case, the choice of start date determines whether this unusually large event and its aftershocks are included or omitted. Preferring 18 April as our start date, we identify and include a precursory anomaly for this eruption in our results (Figure 3) . In effect, there is a clear seismicity rate precursor before the eruption paroxysm, but no precursor for a subtle eruption onset that may have occurred earlier.
With the exception of the Shishaldin and Veniaminof eruptions, most of the remaining eruption start dates have visual confirmation of the onset and thus minimal uncertainty. In contrast, eruption end dates are not well defined in Alaska or globally, even for well-monitored volcanoes (Siebert et al., 2011) . Changes to eruption end dates may affect the categorization of significant periods of seismicity as either syn-or post-eruptive, potentially modifying our results. For some eruptions, seismicity remained elevated in the weeks following the defined end of the eruption (e.g., 2008 Okmok). Extending the eruption end date to include these events would exclude them from the analyzed catalog, potentially altering the computed β E threshold. In order to assess this potential issue, we modified the eruption end dates (Table 1) such that the eruption durations would change by ±20% and recomputed the results. We find that varying the IGURE 3 | Results of the β-statistic test for T a = 14 days and R = 20 km, which corresponds to the maximum values for these parameters for which all 6 anomalies are identified. X-axes show the year prior to the eruption, similar to Figure 1B . Y-axes are scaled by the maximum anomaly seen over the entire time period analyzed (see Figure 7) . Maps show events within T a = 14 days of eruption. See Figure 2 and text for additional details. IGURE 4 | Results of the β-statistic test for radial (R) values =10, 20, 30, 40, and 50 km (brown, yellow, light blue, dark blue, purple). T a = 14 days for all results shown. X-axes show the 3 months prior to the eruption. Y-axes are scaled by the maximum anomaly seen over the entire time period analyzed (see Figure 7) . Maps show earthquakes within T a = 14 days of eruption. See Figure 2 and text for additional details. IGURE 5 | Results of the β-statistic test for a range of T a day values = 3, 7, 14, 30, 60 (brown, yellow, light blue, dark blue, purple). R = 20 km for all results shown. X-axes show the 3 months prior to the eruption. Y-axes are scaled by the maximum anomaly seen over the entire time period analyzed (see Figure 7) . Maps show events within T a days of eruption. See Figure 2 and text for additional details. eruption end dates in this manner does not change the number of identified anomalies. Thus, our results are stable with respect to small changes in eruption end dates.
DISCUSSION
Our results statistically identify seismic rate anomalies preceding the eruptions at Spurr (1992), Shishaldin (1999 ), Veniaminof (2005 , Augustine (2005), Okmok (2008), and Redoubt (2009) volcanoes (Figure 3) . Using this method, 30% (6/20) of all eruptions analyzed and 43% (6/14) of VEI ≥ 2 eruptions have pre-eruptive seismic rate anomalies ( Table 1 ). All magmatic eruptions (3/3) at closed-system volcanoes (repose > 15 years) have seismic rate anomalies (the phreatic eruption at Kanaga was not preceded by an anomaly). Further, 56% (5/9) of VEI ≥ 3 eruptions are preceded by seismic rate anomalies, including all 3 eruptions analyzed at long dormant, closed-system volcanoes. In contrast, eruptions at open-system volcanoes were rarely (13%; 2/16) preceded by seismic rate anomalies. Overall, the results support the widely held view that seismic rate anomalies are more common preceding eruptions at long dormant, felsic, closedsystem volcanoes than at more frequently active, mafic, opensystem volcanoes. In fact, Cameron et al. (2018) found similar relationships between VEI, composition, and open vs. closed systems and the success rates of AVO in forecasting eruptions of different types (Cameron et al., 2018) , which is not surprising given that these eruptions were forecast based primarily on seismicity (e.g., Power et al., 1994 Power et al., , 1995 Nye et al., 2002; Power and Lalla, 2010; Buurman et al., 2013) .
In evaluating the success rate of any forecasting tool, it is also important to quantify the number of false-positives, or herein, non-eruptive anomalies. We cannot completely quantify the number of seismic rate anomalies that are not followed by eruptions because we cannot apply our test to all seismically monitored volcanoes in Alaska, rather only those that have erupted at least once since 1992. We can, however, evaluate the number of non-eruptive anomalies produced by this particular method at those volcanoes that have erupted since 1992 ( Table 1) . Figure 6 shows the complete time series for all 8 volcanoes analyzed, using T a = 14 days and R = 20 km. In addition to the 6 pre-eruptive anomalies (Figure 3) , we have also identified a number of non-eruptive anomalies (69 for T a = 14 days and R = 20 km). Most of these non-eruptive anomalies are short-lived and represent brief increases in seismicity at volcanoes with high background noise or small numbers of earthquakes at seismically quiet volcanoes. Many of these short-lived anomalies are also small in amplitude, implying lower confidence (Figure 6) . Some of the anomalies, however, are more sustained, and have known origins. The long duration, non-eruptive anomaly at Shishaldin in 2002 may represent shallow proximal unrest related to ongoing phreatic activity (Neal et al., 2005) . The long period of multiple anomalies at Spurr in 2004 has been clearly associated with a magmatic intrusion, or "failed eruption, " where magma stalled before reaching the surface Moran et al., 2011) . The 2008 anomaly at Kanaga is related to aftershocks of a distal M6.6 earthquake, that is presumably tectonically driven.
The sustained non-eruptive anomaly at Pavlof in 2002 is actually related to unrest at nearby Mount Hague, part of the Emmons Lake caldera system (Neal et al., 2005) , illustrating one difficulty with using large radii to search for seismicity in areas with multiple, closely-spaced volcanoes. Several other non-eruptive anomalies occur in the days to months following after eruptions. The non-eruptive anomaly at Spurr following the 1992 eruption could be considered as post-eruptive unrest related to continued intrusion or crustal adjustment (Cameron et al., 2018) . In fact, many of the other non-eruptive anomalies (e.g., Augustine, 2007; Okmok, 2009) could also be considered post-eruptive unrest (Cameron et al., 2018) . The Okmok, 2009 non-eruptive anomaly, for example, coincides with a thermal anomaly, tremor-like events, and shallow slope failure in late February to early March 2009, followed by tremor bursts in May 2009 . Applying a post-eruptive window of 1-year eliminates 16% of these non-eruptive anomalies. However, because of the close spacing of Veniaminof eruptions, application of such a post-eruptive window would eliminate the precursory anomaly before the 2005 eruption. Finally, other non-eruptive anomalies could also be related to post-eruptive mass-wasting processes; for example, the small non-eruptive anomaly at Augustine in 1998 is related to the collapse of the 1986 spine (McGimsey et al., 2004a) .
Although applying a post-eruptive window reduces the number of non-eruptive anomalies, some volcanoes still have high numbers of non-eruptive anomalies. For example, many short-lived non-eruptive anomalies are identified at Veniaminof, yet only one of the 7 eruptions shows a precursory anomaly (Figure 6) . Thus, although an anomaly was identified before the 2005 Veniaminof eruption, AVO could not have confidently forecast the eruption based solely on seismicity rates because of the high non-eruptive anomaly rate. In general, open-system volcanoes like Pavlof and Veniaminof have high numbers of noneruptive anomalies and low numbers of pre-eruptive anomalies and thus do not appear to be amenable to reliable eruption forecasting based only on seismicity rates. Other data streams, such as gas or deformation data may be necessary to improve forecasting at such open-system volcanoes (e.g., de Moor et al., 2016) . In general, the lack of precursory seismic anomalies at these volcanoes, despite the choice of T a and R, confirms that AVO did not miss any subtle or distal pre-eruptive seismicity and could not have forecast them based on seismicity (see also Cameron et al., 2018) .
Unlike the anomalies that precede the eruptions, the number of non-eruptive anomalies varies significantly depending on the choice of parameters used for detection, and it is useful to investigate which parameter values minimize the overall number of non-eruptive anomalies. By fixing T a = 14 and varying R as in Figure 4 , we find R = 30 km to produce the fewest noneruptive anomalies. However, changes in counts of non-eruptive anomalies due to variations in radius are small, and there is no clear trend that would identify a clear optimal value for minimizing non-eruptive anomalies overall. In contrast, the size of the T a window has a clear impact on the non-eruptive anomaly count because the length of T a is directly correlated with the number of anomalies and the β E empirical threshold, as discussed above. For example, when using T a = 60 days, the non-eruptive Beta anomaly rate is reduced from 69 to 16. Although a window of this length may be less useful for real-time forecasting purposes, it does allow us to more easily investigate how often the most significant periods of unrest detected by this method lead to eruption. Overall, when implementing a post-eruptive window of 1 year, using R =20 km and T a = 60 days, we find that 31% of anomalies lead to eruption. This rate is partially confounded by other factors mentioned earlier, (e.g., close proximity of other restless volcanoes), and the fact that we do not consider noneruptive anomalies at volcanoes with no eruptions since 1992. However, Cameron et al. (2018) find a similar rate of unrest without eruption when evaluating AVO color code changes (29% of unrest led to eruption, 71% did not). Some studies find roughly similar ratios (30-38% of unrest led to eruption) using a variety of methods and proxies for unrest (e.g., Newhall and Dzurisin, 1988; Gudmundsson, 2006; Biggs et al., 2014) , while other studies find higher rates of unrest leading to eruption (Klein, 1982; Phillipson et al., 2013; Winson et al., 2014; 60-67%) . Quantifying the probability that unrest will lead to an eruption is a crucial open question for forecasting, and in fact forms an early (often first) node in many event trees used for eruption forecasting (e.g., Newhall and Hoblitt, 2002; Wright et al., in press) .
Toward the overriding goal of further improving eruption forecasting, the methods and results presented herein represent progress toward better understanding the relationships between precursory seismicity and eruptive activity. Our results confirm that we can expect, with a relatively high degree of confidence, anomalously high seismicity rates preceding large (VEI ≥ 3) explosive eruptions at closed-system volcanoes. However, this method confirms that seismicity rate changes have a relatively low predictive power for smaller eruptions at open system volcanoes. These results help to weigh the significance of seismic anomalies detected relative to other monitoring data streams when evaluating unrest and formulating a forecast at volcanoes of different types, and are already being used by VDAP and many volcano observatories for forecasting around the world. However, we can go further and apply a slightly modified β-statistic test to make the method more directly applicable to future forecasting in Alaska. Figure 7 shows how we might apply this test to volcanoes included in this study in near realtime, when eruption times are unknown. For this figure, we re-computed the β-statistic every day using seismicity from the preceding T a days, in contrast to previous figures where T a windows ended at the eruption start times (see section Methods). Due to the dependency of the results on the particular choice of T a (Figure 5) , we simultaneously computed the results for different values of T a , defining anomalies once the predetermined β E threshold (which could also be regularly updated) is exceeded. Although such anomalous seismicity would likely be noted by observatory staff, this approach would automatically confirm the anomaly rather than relying solely on human recognition, quantify its significance, and quickly place it in context of previous seismicity at the volcano. A quantitative approach such as this can properly account for factors changing with time (e.g., network upgrades) that may be missed by more qualitative or ad hoc assessments of seismicity. In this way, seemingly anomalous seismicity can be better and more quickly assessed with respect to the long-term background rate and previous episodes of unrest. Outside of Alaska, this tool could also be applied in near real-time to aid in quantifying anomalous seismicity in comparison to background. Even when no prior eruptive activity has been seismically observed (and thus no useful β E threshold can be computed), we can still apply the test to more quantitatively compare current periods of unrest to previous unrest, provided that long-term catalogs of seismicity (ideally before and after historical eruptions) and information about the long-term monitoring history is available. Although we have shown them to be useful, this tool and our results are imperfect attempts to address complex physical phenomena in a consistent way. We are not attempting to model or explain any physical volcanic process but rather are searching for commonalities in eruptive behavior despite important differences between and within the various volcanic systems. With this statistical tool, we seek to aid volcano observatories in identifying seismic rate anomalies above background when seismic network health and earthquake detection rates fluctuate. Toward this goal, we have made specific decisions because they allow us to consistently apply the test despite known shortcomings. For example, in our analysis we have not considered two event attributes usually included in earthquake catalogs for volcanoes: magnitude and event type. Although precursory patterns in event magnitude and overall energy release are quite important for forecasting (e.g., Murray and Endo, 1992; Cornelius and Voight, 1994) , they are beyond the scope of the statistical test presented herein, which is concerned only with event rate. Similarly, we have not considered event type because the ANSS catalog does not retain this attribute in their combined catalog. As a result, we are including LP events in our analysis in addition to VTs. Although these events are relatively infrequent in most of the volcano catalogs included in this study (e.g., 12% of 2012 AVO catalog overall; Dixon et al., 2013) , they are likely contributing to the identified rate anomalies in some cases, particularly the frequently active open system volcanoes, like Pavlof, which has a higher than average % of LPs. Finally, we have not formally considered location uncertainty in our analysis, which is also unavailable from the ANSS catalog. In general, AVO volcano catalogs have average uncertainties ≤ ∼2 km (Dixon et al., 2013) , while AEC and NEIC location uncertainties are generally larger. However, we have implicitly incorporated epicenter uncertainty by varying the radial (R) search and exploring its effects on our results (Figure 4) . Similarly, we found that small changes (±5 km) in the depth threshold we applied (30 km) did not affect the number of pre-eruptive anomalies identified.
Despite these limitations, our work contributes to improving eruption forecasting in several ways. Although seismic rate anomalies are commonly observed globally, most previous work has been focused on increases in seismic activity in the immediate vicinity of volcanic vents (e.g., Kilburn, 2003) . In fact, definitions of "volcanic earthquakes" are often limited to those within 10 km of the summit (Shimozuru, 1971; McNutt, 1996) . In addition, many studies rely only on LP events for forecasting instead of VTs (e.g., Chouet et al., 1994; Boué et al., 2015) . Although effective, such efforts are focused proximally, and there is the potential to miss earlier distal precursors, which may occur long before runups in vent related seismicity at long-dormant volcanoes (White and McCausland, 2016) . For example, at Shishaldin volcano, distal seismicity between 10 and 20 km from the summit peaked more than 2 months before the 1999 eruption (Rasmussen et al., 2018 ; Figures 3-5) ; and distal seismicity (20-40 km from the summit) occurred at Augustine roughly 2 months before the start of the 2005-2006 eruption (Fisher et al., 2010 ; Figure 4) . Finally, while retrospective deterministic eruption forecasts based on near vent seismicity continue to show promise in forecasting, they depend critically on rigorous independent calibration at each new volcano where they are applied (e.g., Boué et al., 2015 Boué et al., , 2016 Chardot et al., 2015; Salvage and Neuberg, 2016) . In contrast, our approach is to seek temporal seismic patterns that apply broadly to a set of volcanoes or a particular type of volcanic activity. The set could be the global set of eruptions, an ideal but lofty goal, or some specific subset, such as "eruptions at longdormant volcanoes in Alaska." However, our approach leaves several outstanding questions unanswered regarding the extent of the utility of our work. For instance, what utility might the β-statistic have when applied to more frequently erupting volcanoes such as Veniaminof? We've shown that seismic rate anomalies are rare preceding such eruptions in Alaska (Figure 6, Table 1 ), but we have not investigated why they occur in some cases (e.g., Veniaminof 2005; Shishaldin, 1999) and not others (e.g., all other Veniaminof eruptions). There might still be some correlation between VT swarms and certain types of eruptive activity that we could decipher if we had a larger statistical population to analyze, or if we incorporate other factors beyond event rate. We have not investigated correlations between seismicity rate and other variables, such as magma composition, run up times, or energy release (e.g., Thelen et al., 2010; Passarelli and Brodsky, 2012) . These and other important correlations may also exist, and future work is aimed at finding them by analyzing seismic and other volcanic data beyond Alaska (Ogburn et al., 2016; Pesicek et al., 2017 ).
SUMMARY AND CONCLUSIONS
There are many documented cases of seismic rate increases preceding eruptions and intrusions worldwide. However, there are also many eruptions where no such precursors were identified, even when sufficient monitoring existed. In this study, we used the β-statistic , and determined an objective β threshold to quantify the prevalence of seismic rate anomalies preceding eruptions in Alaska and investigate their reliability as a forecasting tool. We find that 6 out of 20 eruptions in Alaska show precursory rate increases, including all 3 eruptions at volcanoes that have been dormant for at least 15 years, and that erupted with a VEI of 3 or greater (Figure 3) . Thus, we confirm that seismic rate increases may be expected preceding eruptions at similar closed-system volcanoes in the future. Perhaps more importantly, although 3 other precursory anomalies were identified at volcanoes with shorter repose times (Veniaminof, Shishaldin, Okmok; Figure 3 , Table 1 ), many other similar eruptions lack them, despite the fact that we are using a relatively sensitive test to identify rate increases (Figure 6 ). From this, we infer that seismic rate increases preceding eruptions at frequently active open-system volcanoes are relatively uncommon. Furthermore, we show that at the closed-system volcanoes with longer repose times, preeruptive seismic anomalies are usually the most significant anomalies identified. At open-system volcanoes, however, there are often higher numbers of non-eruptive anomalies, and this method has lower predictive power for these systems. Many other non-eruptive anomalies can be attributed to unrest at nearby volcanoes, non-eruptive volcanic activity, and cases of shallow intrusion of magma without eruption. At the limited number of volcanoes that we analyze, we find that 31% of seismic anomalies identified using this method lead to eruption, while 69% do not, in broad agreement with some other studies that quantify rates of unrest at volcanoes. Finally, we presented a statistical tool that may be useful for future eruption forecasting purposes, particularly when evolving seismic networks lead to temporally variable earthquake detection capabilities. The β-statistic properly considers the long-term background rate when analyzing periods of seismicity and provides a way to quickly and more easily assess apparent rate changes in the context of previous activity. We expect that with more calibration from a wider dataset this tool could prove useful for future eruption forecasting at volcanoes worldwide.
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